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Wesleyan University, Middletown, ConnecticutABSTRACT We describe the development and testing of a simple statistical mechanics methodology for duplex DNA appli-
cable to sequences of any composition and extensible to genomes. The microstates of a DNA sequence are modeled in terms
of blocks of basepairs that are assumed to be fully closed (paired) or open. This approach generates an ensemble of bubblelike
microstates that are used to calculate the corresponding partition function. The energies of the microstates are calculated as
additive contributions from hydrogen bonding, basepair stacking, and solvation terms parameterized from a comprehensive
series of molecular dynamics simulations including solvent and ions. Thermodynamic properties and nucleotide stability con-
stants for DNA sequences follow directly from the partition function. The methodology was tested by comparing computed
free energies per basepair with the experimental melting temperatures of 60 oligonucleotides, yielding a correlation coefficient
of 0.96. The thermodynamic stability of genic/nongenic regions was tested in terms of nucleotide stability constants versus
sequence for the Escherichia coli K-12 genome. It showed clear differentiation of the genes from promoters and captures genic
regions with a sensitivity of 0.94. The statistical thermodynamic model presented here provides a seemingly new handle on the
challenging problem of interpreting genomic sequences.INTRODUCTIONA detailed understanding of sequence-dependent structures
of DNA oligonucleotides has been obtained through a com-
bination of x-ray crystallography, NMR, optical spectros-
copy, and molecular dynamics (MD) simulations (1–9).
Further, on the theoretical side, there is considerable litera-
ture on the statistical mechanics of DNA (10–24). However,
the direct construction of a partition function for DNA based
on a configurational energy function as used to calculate
MD forces has not been a productive approach, because a
continuous function leads to an infinite number of micro-
states and sums of corresponding Boltzmann factors are
notoriously slow to converge. This well-known problem is
also encountered for proteins and other macromolecules.
One strategy adopted in diverse applications of statistical
mechanics is to formulate an approximate model with finite
number states, and calculate a partition function using full
enumeration of these finite states. In biophysical research,
this goes back to the two-state models of the helix-coil tran-
sition in both proteins and DNA (10,24–28). Elaborations of
this idea form the basis for the now considerable literature
on lattice models, which have provided significant insights
into problems such as protein folding (29,30). A recent
approach to a fully enumerable ensemble of states for pro-
teins was the COREX method developed by Hilser et al.
(31), Hilser and Freire (32), and Pan et al. (33), which
involved a novel combination of structure and empirical en-
ergetics and has been applied successfully to account for aSubmitted October 1, 2013, and accepted for publication April 17, 2014.
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0006-3495/14/06/2465/9 $2.00wide range of phenomena including cooperativity and
allosteric effects (33). We have previously explored the
possibility of employing the energetics from MD trajec-
tories for genome annotation (34,35) based on the idea
that the various elements of genomes such as introns, exons,
and promoter regions differ in their thermodynamic stability
(36–39). This project was built on generalizing these princi-
ples utilizing a statistical thermodynamic approach with a
more rigorous model.
We describe herein the development and testing of a
statistical mechanics methodology for duplex DNA appli-
cable to sequences of any composition and length yet simple
enough to be tractable for genome annotation. The approach
is quite analogous but not identical to the COREX software
routine used for proteins, and is parameterized with
sequence-dependent energetics for dinucleotides derived
from a comprehensive set of all-atom MD simulations
including solvent on all tetranucleotide sequences (7,8),
with no empirical parameters. The approach adopted in
this study derives from the well-known phenomena of
Watson-Crick basepairing and basepair opening in DNA,
and involves a simple two-state model for individual nucle-
otide basepairs that are considered to be in either a closed
state (fully Watson-Crick basepaired) or an open state.
The two states of this model are analogous to the locally
folded and unfolded states of amino acids in the COREX
model of proteins (31–33). The ensemble of thermally
accessible microstates of DNA is formed in terms of blocks
of basepairs that are correspondingly fully closed or open,
which gives rise to a finite set of bubblelike microstates
that are fully enumerable in the calculation of the partitionhttp://dx.doi.org/10.1016/j.bpj.2014.04.029
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together with validation studies based on calculated versus
observed sequence-dependent DNA melting data and on a
complete genome sequence of Escherichia coli K-12.
A detailed discussion on the time and computational
complexity involved with the methodology on genome
sequences of varying lengths is also provided in the Sup-
porting Material.MATERIAL AND METHODS
The methodology developed in this work is analogous to COREX (31–33)
for proteins and involves the following four steps:
1. Enumeration of the ensemble of all accessible microstates for a given
DNA sequence of any length,
2. Calculation of relative energies of each microstate,
3. Determination of the partition function for the sequence and the statisti-
cal weights of each microstate, and
4. Calculation of the stability constant of each nucleotide and the overall
thermodynamics.FIGURE 1 Partitioning scheme for a nucleotide sequence: The sequence
length is 30 (N ¼ 30) and the block size is five nucleotides (k ¼ 5). Each
partition has 30/5 ¼ 6 blocks (n ¼ 6) shown in different shades. The figure
also shows division of the input sequence into blocks for each partition as
the window is moved one base at a time for a full enumeration of all
possible states for a given block size. Block size is also treated as a variable
in generating the full ensemble of states. To see this figure in color, go
online.Enumeration of the ensemble of microstates of a
DNA sequence
From a statistical mechanics viewpoint, the equilibrium state of a DNA
molecule is an ensemble of thermally accessible microstates, each weighted
by the corresponding Boltzmann probability. In this model, the microstates
range from the molecule being completely closed to completely open, with
all combinations of open and closed nucleotide states in-between. For a
given nucleotide basepair, the closed state has a full complement of
Watson-Crick hydrogen bonds and the stacking with neighboring closed
states is completely intact. In the open state, the hydrogen bonding between
the Watson-Crick basepairs and the cross-strand basepair stacking is lost,
and intrastrand stacking is altered. Although fully enumerable in principle,
the number of all open/closed state permutations at the individual basepair
level becomes combinatorially explosive for longer sequences.
Here a modified version of the COREX strategy is followed, using an
enumeration algorithm that breaks the sequence of N nucleotides into
blocks each of length k basepairs and generates a partition of n ¼ N/k
blocks. If n is not an integer, the remainder of residues is added to the
last block. Each block is treated as separate unit with all nucleotides in a
block either in a closed or open state. Considering all possible combinations
generates 2n  2 partially open microstates for a given partition. Another
partition is then generated by sliding the window by one base and iterating
the process. The procedure is continued until all the possible blocks of size
k are exhausted, as illustrated schematically in Fig. 1.
The minimum length of a block is taken as three bases. Once three nucle-
otide basepairs are encountered at the 50 end of the sequence, it is consid-
ered to be a separate block. The partitioning is continued for the rest of the
sequence, keeping both the number of nucleotides in all the middle blocks
and number of blocks in each partition to be constant. The minimum length
of the first block is changed to two nucleotides in generating an ensemble
with a block size of 2 or in some cases to keep the number of blocks con-
stant for a given sequence. The last block brackets the remainder of the nu-
cleotides (Fig. 1). The total number of microstates generated using this
partitioning scheme with n blocks and a block of size k bases is equal to
fk  ð2n  2Þg þ 2; (1)
where the last term of ‘‘2’’ in Eq. 1 is for the completely closed and the
completely open states, which is taken separately to avoid redundancy
because, for all the partitions, the completely closed and the completelyBiophysical Journal 106(11) 2465–2473open states will always be the same. Finally, the block size is also treated
as a variable in generating the full ensemble of states. The microstates
thus generated correspond to bubblelike configurations of a DNA duplex
(16,17).Calculation of the relative energy of each
microstate
The total energy for a basepair step l is computed from a sum of
hydrogen bonding between the basepairs (EHB), stacking interactions
between the bases (ESTK), and the interaction of the DNAwith solvent mol-
ecules (ESLV),
El ¼ EHBl þ ESTKl þ ESLVl : (2)
The individual energy values are obtained from a comprehensive set of
molecular dynamics simulations (7,8) performed on 136 unique tetranu-cleotide steps encompassing all 10 unique dinucleotides along with their
neighbor effects. The trinucleotide energies are extracted as a special
case of results on tetranucleotides (35). The hydrogen-bond energies are
calculated utilizing the PTRAJ and ANAL modules of the AMBER (40)
software considering the electrostatic and van der Waals interaction of all
the basepair atoms involved in hydrogen-bonding between the two strands.
The stacking interactions are obtained from the van der Waals and electro-
static interaction of all the atoms on the two strands excluding the basepair-
ing (hydrogen-bonding) interactions. If i, j, and k denote bases on one strand
and their corresponding partners on the opposite strand are denoted by l, m,
and n, then the i-l, j-m, and k-n interactions are counted for hydrogen
bonding and i-j, i-k, i-m, i-n, j-k, and j-n are counted for stacking. The
solvation energies are calculated based on proximity criterion employing
the MMC (41) program.
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energy values as averages over all of their occurrences in the 64 trinucleo-
tides (42). The value for each parameter is then divided by the minimum
value for that energy parameter so that all the values are relative to unity.
The hydrogen-bond, stacking, and solvation components make equal con-
tributions for individual energies, and the total energy El does not get biased
toward any one particular energy component (Table 1).
To avoid end effects at the junction between the blocks, the total energy
for each dinucleotide step is transformed from basepair step-centric to base-
pair centric, as described below.
The energy of a closed nucleotide basepair is calculated as the sum of
half of the value of the nearest-neighbor (NN) pair it makes with its left
neighbor and the right neighbor. If it is the first nucleotide of the sequence,
the value of the nucleotide is half of the NN pair it makes with the next
nucleotide.
Similarly, if it is the last nucleotide of the sequence, the value of it is half
of the NN pair it makes with the previous nucleotide. Taking as example the
sequence ATGTC, the contribution of A is half of the value of the NN pair
formed with the second nucleotide, i.e., T (NN pair ¼ AT). Thus, the value
for A in this context from Table 1 is
ð3:08=2Þ ¼ 1:54 kcal=mol:
For the second base, i.e., T, the value is half that of AT plus half that of
TGðT ¼ ð3:08=2Þ þ ð3:44=2Þ ¼ 3:26 kcal=molÞ
and so on. Likewise, the value of the last nucleotide C is
ð3:48=2Þ ¼ 1:74 kcal=mol:
Division by 2 makes the energy computation basepair-centric rather than
basepair step-centric, ensuring that in the fully closed state, even when
the sequence is divided into blocks of size k, the sum of the energies is
conserved:
DEi ¼
XN
1
El: (3)
The summation in Eq. 3 is over all basepairs in a given microstate. The
energetic contribution and statistical weight of each microstate towardTABLE 1 Energy parameters for each basepair step derived
from molecular dynamics simulation trajectories of the ABC
(Ascona B-DNA consortium) series (7) at 25C
Dinucleotide Hydrogen bond Stacking Solute-solvent Total energy
AA 1.00 1.00 1.04 3.04
AC 1.39 1.04 1.03 3.46
AG 1.27 1.00 1.06 3.32
AT 1.02 1.02 1.05 3.08
CA 1.35 1.01 1.08 3.44
CC 1.71 0.98 1.01 3.70
CG 1.64 1.03 1.07 3.75
CT 1.27 1.00 1.06 3.32
GA 1.46 1.00 1.01 3.48
GC 1.74 1.05 1.00 3.79
GG 1.71 0.98 1.01 3.70
GT 1.39 1.04 1.03 3.46
TA 1.03 1.01 1.05 3.10
TC 1.46 1.00 1.01 3.48
TG 1.35 1.01 1.08 3.44
TT 1.00 1.00 1.04 3.04the total energy of the ensemble can be calculated once the microstates
are defined. The (unnormalized) statistical weight for each microstate is
Ki ¼ eDEi=RT ; (4)
where DEi is the total energy of microstate i (energy with reference to the
microstate i being fully open for the sequence under consideration), R is the
gas constant, and T is the absolute temperature. The energies of the closed
states are calculated as additive dinucleotide energies derived from MD (7)
considering neighbors in both directions, as in the nearest-neighbor (NN)
method of Crothers and Zimm (11).
In a partition of n blocks, the energies of the nucleotides including the
terminal nucleotides in a block are handled as described in the following
example. For the sequence
ATGCACGTGCAGCTGðN ¼ 15Þ;
with the block size set to 5 (k¼ 5), there are 3 blocks (n¼ N/k¼ 15/5¼ 3).
One microstate for this sequence may be represented as in Fig. 2. Here, the
first block (B1) is in open state whereas the second (B2) and the third (B3)
blocks are in closed states.
Because the block B1 is in open state, the energy value of all the nucle-
otides of B1 is equal to zero. The value for nucleotides in B2 is computed as
½fðCG=2Þg þ fðCG=2Þ þ ðGT=2Þg þ fðGT=2Þ þ ðTG=2Þg
þ fðTG=2Þ þ ðGC=2Þg þ fðGC=2Þ þ ðCA=2Þg:
Similarly, for B3 it is computed as
½fðCA=2Þ þ ðAG=2Þg þ fðAG=2Þ þ ðGC=2Þg þ fðGC=2Þ
þ ðCT=2Þg þ fðCT=2Þ þ ðTG=2Þg þ fðTG=2Þg:
It may be verified that the DEi for this microstate utilizing Eq. 3 and data in
Table 1 turns out to be
0þ ð16:16Þ þ ð15:59Þ ¼ 31:75;
which yields a Ki of 1.94Eþ23 for this microstate using Eq. 4. The Ki values
of each microstate form the input for the partition function given in Eq. 5
(below).
The COREX method for proteins involves computing the energies of
microstates using empirical estimates for the parameters, whereas in this
work, the parameters were obtained from decomposing the results of MD
simulations (MD parameters). For comparison purposes, a parameterization
of free energies for the various basepair steps (see Table S1 in the Support-
ing Material) estimated by Santa Lucia (43) and SantaLucia and Hicks (44)
from their experiments at 37C and 1 M salt concentration are utilized in an
alternative implementation of the method (see the Supporting Material)—
henceforth referred to in this article as the empirical SantaLucia
parameterization.FIGURE 2 Enumeration of a microstate representing closed (C) and
open (O) states for a block size of 5 nucleotides.
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2468 Khandelwal et al.Determination of the partition function for a DNA
sequence and the relative statistical weight of
each microstate
The partition function Q can be written as the sum of the statistical weights
over all microstates:
Q ¼
X
all microstates
Ki: (5)
The normalized Boltzmann probability Pi of each microstate is then
Pi ¼ Ki
Q
: (6)
Equations 2–6 are utilized to compute partition function Q, and the
Boltzmann probabilities of each microstate.Thermodynamic variables and nucleotide
stability constants
The thermodynamic properties of the system are obtained as
DF ¼ RT ln Q; (7)
DE ¼
X
DE P ; (8)
i
i i
DS ¼ R
X
P ln P : (9)
i
i i
The symbolsDE andDF are used for mean energy and free energy in recog-
nition of the issue that this model does not correspond literally to the canon-
ical ensemble or isothermal-isobaric ensemble that formally would give rise
to Helmholtz and Gibbs free energies, respectively. In this adapted COREX
two-state model for DNA sequences, the open state acts as the reference
state for that sequence, and its intrinsic energy does not figure in the calcu-
lation of its thermodynamic properties. The method navigates through the
complex problem of microstate enumeration and their statistical weight
determination by focusing only on the energy differences between closed
and open states and no assumption is made about the total intrinsic energy
of the system. Hence, the relative stabilities are calculated as the variation
of energy between different states without the assumption of energies of
open states of all the sequences to be zero (see the Supporting Material).
After COREX, the nucleotide stability constant kc,j of nucleotide j in a
sequence is calculated as the ratio of the sum of all the probabilities of
nucleotide j in which j is in closed state (
P
Pc,j) to the sum of probabilities
in which j is in open state (
P
Po,j):
kc;j ¼
X
Pc;jX
Po;j
: (10)
Nucleotide stability constants are used as a metric to study the variation in
stability of a DNA sequence of any composition and length.
Scaling this methodology up to the genomic level involves treating
systems with thousands to millions of nucleotide bases. It is seen that the
thermal properties of DNA show a weak length-dependence, where an in-
crease in length results in an increase in the melting temperature (Tm) of
the DNA, but the latter reaches a maximum of 100C in most of the cases,
even when the length goes over to thousands to millions of bases. For
example, whereas an oligonucleotide of 15-basepair length of ~50% GCBiophysical Journal 106(11) 2465–2473content has an experimental Tm of 49.4
C (45) at 0.12 Naþ ion and
2E06 g/mL of DNA concentration, an oligonucleotide of 30 basepairs
having similar GC content has an experimental Tm of 70.4
C under same
salt conditions (45). The complete genome of E. coli K-12 (4,639,675 base-
pairs, 50.8% GC content) melts at a temperature of 86.0C (15) under
experimental conditions similar to that of the oligonucleotides. In a pre-
vious study (39) we discovered that the thermal properties of long DNA
sequences can be captured by smaller window sizes of range 60–80, aver-
aged over the complete length of the sequence.
To make the problem of handling genomic DNA tractable, a sequence is
first divided into windows of 60 nucleotides, i.e., from nucleotide 1 to 60
forming the first window. The window is then moved by one base, so the
second window is from 2 to 61 and so on, creating [(L  60) þ1] overlap-
ping windows, where L is the number of nucleotides in the DNA sequence,
and in this case, N becomes 60 for the calculations involving Eqs. 1–10. The
choice of 60 is based on studies on the packaging of DNA, which reveal that
approximately the same number of nucleotides are involved with the
archaeal histones (60 basepairs (47)), bacterial HU proteins (58 basepairs
(48)), and eukaryal histones (70 basepairs (47,49)) to form compact struc-
tures. These proteins, when required to adjust so as to open the double-
stranded DNA during replication or transcription (47–49), make a bubble
of almost the same length. Choice of 60–80 basepairs for the window
size essentially yields similar trends.
Each window of 60 bp is considered as a separate sequence and the
values are computed by considering the block size to be 30, thus creating
two blocks in each window. Different block sizes ranging in size from 5
to 50 were also investigated, and it was found that smaller block sizes
produce a lot of noise, larger ones diminish the resolution between various
units, and a block size of 25–30 produces clearly discriminating results,
thus prompting a block size of 30 for this study. The choice of 30 nucleo-
tides for the block size also corresponds to the 10 amino-acid blocks chosen
by Hilser and Freire (32) in their COREX treatment in amino-acid space.
In the case of overlapping moving windows of 60 bases, a nucleotide at a
particular position gets repeated a minimum of one or a maximum of 60
times depending upon its location in the genomic sequence. Because the
window is moved by one base at a time, the position of that particular nucle-
otide keeps changing in different windows and each window has a different
sequence composition, thus giving a different nucleotide stability constant
for the same given base in each window. Thus the average nucleotide
stability constant for a base at a particular position in the genomic sequence
is calculated as the sum of all its nucleotide stability constants divided by
the number of times that base has been repeated in the overlapping
windows. For example, the third base of any large sequence would occur
in the first three overlapping windows, each one of them behaving as a sepa-
rate sequence and giving a separate nucleotide stability constant, so the
average value for the three windows is taken and its natural logarithm is
plotted with respect to the genomic sequence in consideration.RESULTS
Melting of DNA
The melting temperature of DNA (15,50–54) has been
utilized over the years to obtain the GC-content of the
DNA to determine the species of the organism under study
in the development of primer sequences for polymerase
chain reaction, and more recently to develop a phylogenetic
relationship between species based on highly conserved 16s
r-RNA gene sequences (55).
DNA melting involves breakage of basepair hydrogen
bonds, disruption of stacking interactions, and formation
of new interactions between solute and solvent molecules
and salt, all of which are reflected in the free energy of
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methodology involved comparing the experimentally
observed melting temperatures of 60 oligonucleotides (54)
with their calculated average free energy values obtained
utilizing Eq. 7 and dividing by the length of the sequence.
The sequences employed in this study ranged in length
from 20 to 30 and their melting temperatures were deter-
mined at oligonucleotide concentration of 2E06 M and a
salt concentration of 0.12 M, which is close to the value
of 0.15 M at which the MD simulations were performed.
A plot of the average free energies per base versus the exper-
imental melting temperatures for the 60 sequences is shown
in Fig. 3. A linear regression analysis shows a Pearson prod-
uct moment correlation coefficient of r ¼ 0.96.
The computational complexity increases exponentially
with increase in the sequence length. So, a block size of
5 was chosen as a happy medium between computational
complexity and the ability to capture local fluctuations in
the oligonucleotide sequences in the study. It is observed
that even after considering a single block size of 5, almost
identical results are obtained and the Pearson product
moment correlation coefficient is still maintained (r ¼
0.96). The Pearson product moment correlation coeffi-
cient obtained between the entropy per basepair and exper-
imental melting temperature of 60 oligonucleotides utilized
in this study is 0.41. This essentially suggests that the
entropic contributions, although low, are not negligible in
the process of melting. An illustrative calculation of the
thermodynamic parameters for a sample sequence is pro-
vided in the Supporting Material.
Control models were explored with randomized basepair
step energies and iso-energetic basepair step energies. It was
observed that for the same dataset of 60 oligonucleotides,
randomized basepair step energies give a Pearson product
moment correlation coefficient of 0.56, while making theFIGURE 3 Correlation between the calculated free energy values per
basepair (computed from MD-derived parameters and averaged over
window sizes ranging from 2 to N2, where N ¼ length of the sequence)
and experimental melting temperatures at 0.12 M salt concentration of 60
oligonucleotides (54).basepair-step isoenergetic yield a Pearson product moment
correlation coefficient of 0.42, which is much less than
the observed correlation coefficient (0.96) with original
energy values. The correlation coefficients obtained with
individual energetic components are highest for hydrogen
bonding (0.92), followed by stacking (0.51). Solvation
energy does not play a crucial role in melting but is utilized
here for the sake of a complete account of the energetic con-
tributions and also because solvation is known to discrimi-
nate different functional regions on DNA sequences (42).
Corresponding calculations based on the empirical Santa-
Lucia’s parameterization for free energy (see Table S1) were
carried out as a verification of the methodology. Because the
SantaLucia’s parameters were derived at a salt concentra-
tion of 1 M, the calculations are done on a different set of
60 systems (54) whose experimental melting temperatures
were determined at similar oligonucleotide concentration
and ~1 M salt concentration. The observed melting temper-
atures versus calculated free energies show a correlation
coefficient of 0.88 (see Fig. S1 in the Supporting
Material). The strong correlations indicate that the thermo-
dynamics of DNA melting is reasonably well described by
our model and method.The thermodynamic stability hypothesis and
computed stabilities of different functional units
in genomic DNA sequences
A working hypothesis (39) was investigated here which
states that regulatory regions (promoters) are thermodynam-
ically less stable than their genic counterparts (56–60),
the computed nucleotide stability constants providing a
testing ground. The calculations were carried out on
genomic DNA split into overlapping fragments of 60 nucle-
otides with each fragment considered as a separate sequence
with a block size of k ¼ 30. The calculated nucleotide
stability constants kc,j (calculation described in the metho-
dology) for a given position were averaged over all the
moving windows in which that particular nucleotide occurs.
In the final step, the natural logarithm ln kc,j is then plotted
with respect to the genomic sequence. The relative stability
of different functional units on the DNA can then be
analyzed.
The results of this methodology applied to different
stretches of E. coli K-12 comprising experimentally verified
promoter and gene sequences (56) are shown in Fig. 4, and
these support the hypothesis of lower stabilities of promoter
sequences relative to the corresponding gene regions of this
genome.
The stability profile obtained by this methodology had
sharper transitions compared to melting temperature profiles
noted previously in Khandelwal and Bhyravabhotla (39),
which indicates the potential of this method to locate the
boundaries of different functional regions on a sequence
with greater precision.Biophysical Journal 106(11) 2465–2473
FIGURE 4 Nucleotide stability profile for a
stretch of 831 bases of E. coli K-12 genome,
encompassing the fes promoter and the fes gene
regions along with the preceding fepA gene region.
To see this figure in color, go online.
2470 Khandelwal et al.A further application was carried out on a larger dataset of
468 experimentally verified promoter sequences of the
E. coli and their corresponding gene sequences obtained
from the PromEC database (61). The nucleotide stabilities
were calculated for the promoter and their corresponding
gene regions (promoter sequences and gene sequences
obtained from PromEC, http://margalit.huji.ac.il/promec/,
and National Center for Biotechnology Information,
Bethesda, MD, respectively). The protocol implements the
observation that the promoter regions are less stable than
their genic counterparts (gene following the promoter),
hence a simple subtraction of average values of promoter
nucleotide stability from their corresponding genic nucleo-
tide stability, giving a value >0.1, are considered as poten-
tial matches. It was seen that the promoters can be
discriminated from their corresponding genic counterparts
in ~88% of the cases of the PromEC dataset due to their
lower nucleotide stability. It was also observed that the
variations in nucleotide stabilities of the promoter-gene
dataset do not necessarily follow the trend in variation of
GC-content of the sequences (GC-content and nucleotide
stabilities for promoter-gene sequences are provided in
Table S2).
Also, the methodology was developed into a protocol to
determine potential genic regions in the E. coli K-12
genome (NCBI ID: NC_000913). For this, the nucleotide
stability profile of the complete genome sequence is first
calculated. Then this stability profile is employed to deter-
mine genic regions based on the fact that nongenic regions
have lower stability whereas the genes have higher stability
(62) (Fig. 5).
The protocol incorporates these findings to extract high-
stability regions from the complete genome stability profile.
The genome is scanned from the start for regions of at leastBiophysical Journal 106(11) 2465–247360 bases that have high stability (potential genes) as
compared to a 30-base upstream region (potential pregene)
that should have a relatively lower stability. A high-stability
region (60 bases) is extended until a 30-base region of low
stability is encountered to form the end point of the potential
genic region. Once these regions are obtained, the positions
are extracted so as to obtain an open reading frame (a start
codon to a stop codon in the same frame; open reading
frame), in all six possible reading frames. These form poten-
tial genes predicted by using the stabilities and the protocol.
These are then compared to gene positions obtained from
NCBI to obtain the sensitivity. It was observed that the
protocol is able to capture almost all the true genes, reaching
a sensitivity of 0.94, without the use of any training- or
knowledge-base.
The implementation of this protocol at the level of
genomes also makes the problem of large sequences trac-
table. The idea of employing multiple processors to perform
the job in real-time was explored. For testing the protocol,
time taken to generate the nucleotide stability profile as a
function of number of processors was calculated (see
Fig. S2) for the entire E. coli K-12 genome sequence. It
may be seen from Fig. S2 that as the number of processors
is increased, the time scales down almost linearly from 8 to
32 processors.CONCLUSION
We described the development and testing of a statistical
mechanics methodology for duplex DNA applicable to
sequences of any composition and length and extensible to
genome annotation. The method was tested by comparing
computed free energies per basepair with the experimental
melting temperatures of 60 oligonucleotide sequences of
FIGURE 5 Nucleotide stability profile (Top panel) for a stretch (1–12,200 bases) of E. coli K-12 (NCBI ID:NC_000913) genome, along with the sequence
annotations plotted using the software ARTEMIS (68), depicting lower thermodynamic stability for nongenic regions. Shaded blocks (middle panel) depict
annotated coding sequences from the genome with their functional annotation information (bottom panel). To see this figure in color, go online.
Statistical-Thermodynamic Model for DNA 2471varying lengths and composition. The correlation coefficient
between calculated and observed melting temperatures was
found to be 0.96, thus validating the methodology of
employing a finite number of states that can be enumerated
to generate a partition function.
The statistical-mechanical approach has been utilized
over the years to elucidate the secondary structures of
various RNA molecules (63–67), but its application to
DNA sequences and specifically in genome annotation has
not been probed. Extending the study to the genome level,
the hypothesis that the various elements of genomes such
as promoters and genic regions differ in their thermody-
namic stability was investigated utilizing the nucleotide
stabilities of the sequences. Plots (68) of nucleotide stability
constants versus sequence of an 831-basepair section of the
E. coli K12 genome consisting of two genes and an inter-
vening promoter, and an additional dataset of 468 experi-
mentally verified promoter sequences, support the idea
that various genomic elements have different thermody-
namic stabilities and this methodology can be adapted to
identify different functional regions.
Also, the extraction of genic regions of E. coli K-12
genome with high sensitivity, without the use of any know-
ledge bases or mathematical/statistical training-based
models explicitly implies the presence of thermodynamic
signatures for various functional units on a genome. We
have previously observed that energy-based approaches in
fact can be used for predictions and annotations
(34,35,42), and the method proposed here offers a moreholistic approach to look at all kinds of sequences in a
preliminary way, because it factors in the forces stabilizing
the DNA.
The idea that promoters and nongenic regions are less
stable thermodynamically than genic regions could be
explained based on mutational and evolutionary stability
of these regions, but further studies are required to place
these results on an evolutionary basis. Because the above
study can be performed in real timescales, it also indicates
that the method can be a useful contribution to large-scale
genome annotation.SUPPORTING MATERIAL
Comparative Energy Representation for Open and Closed States for Two
Arbitrary Sequences, two figures, and two tables are available at http://
www.biophysj.org/biophysj/supplemental/S0006-3495(14)00446-9.
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